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Abstract 
 
We build upon previous work done in online shopping 
segmentation but follow a customer-revealed approach 
by using an explorative cluster analysis on a sample of 
11,848 daily deal shoppers located in Switzerland. We 
identify six segments into which the daily deal 
shoppers can be categorized: recreational shoppers, 
mobile shoppers, traditionalists, bargain hunters, 
socializers, and convenience seekers. These clusters 
are distinctively different in terms of shopping motives, 
online behavior, and demographics. By following these 
clusters, our research maps for the first time the field 
of daily deal shopping in Switzerland. Our findings 
have implications for business, as they suggest how to 
best serve different segments to enhance the customer 
experience, and for research, as they complement daily 
deal literature by identifying daily deal shopper 
segments. 
 
 
1. Introduction 
 
“e-Retailers that continue to assume that all 
online visitors are alike will continue to miss 
opportunities to maximize the loyalty of their existing 
customer base, to attract customers from other sites, 
and to educate and convert non-customers.” [1, p. 331]  
 
In the recent past, e-commerce and m-commerce 
have become fast-growing industries, with consumers 
spending considerably more as technology and 
acceptance mature. E-retailers such as Amazon, 
marketplaces such as Alibaba, and auction platforms 
such as eBay are well established, as evidenced by the 
turnovers generated from online sales. According to 
the U.S. Department of Commerce, Web sales rose 
from 91 billion USD to 342 billion USD in 2015 [2]. 
The concept of couponing itself is not new to the retail 
world, whereas daily deal platforms and coupon 
websites are the latest addition to e-commerce, 
beginning with the establishment of Living Social in 
2007. Daily deal platforms constitute a specific type of 
e-commerce, resting upon the principles of social 
buying [3]. While coupons are valid for several days or 
weeks, daily deal offers usually last no longer than 24 
hours and include coupons as well as products and 
services [4]. According to Statista [5], in spring 2015, 
50.03 million Internet users had accessed daily deal 
sites within the last month in the United States. 
Spending by U.S. citizens on online deals, including 
daily deals, instant deals, and flash sales, are expected 
to reach 5.2 billion USD in 2016 [6]. In Switzerland, 
too, e-commerce has become popular. One Swiss daily 
deal platform appears on the top-ten list of Swiss B2C 
online shops, and it has a turnover of 77.1 million USD 
[7]. 
Although researchers have thoroughly analyzed 
online shopping behavior, research on daily deal 
platforms and coupon websites is rather scarce. The 
objectives of this research were therefore to assess the 
shopping motives of daily deal customers and to 
identify the customer segments of this specific e-
commerce type. This complements the still-small body 
of research on daily deal platforms by introducing 
daily deal customer segments. From a business 
perspective, the growing numbers of daily deal users 
justify a closer examination of the existing segments to 
better serve customers and maximize benefits on both 
the customer and business sides. 
 
2. Relevance 
 
In researching the different shopping motives and 
segments of daily deal customers, it is important to 
understand shopping motivations, online customer 
segmentation, and the specifics of daily deal sites.  
 
2.1. Daily deal format 
 
Daily deal sites differ distinctly from traditional e-
commerce. Product and service availability is limited, 
vouchers often have local reference, and coupons have 
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very limited validity [4]. Large price discounts and 
restrictions on time, and often quantity, affect this 
buying setting. This contention is in line with current 
research on online daily deal settings, which has 
highlighted the strong effects of this special context on 
consumer purchasing behavior [8, 9]. Boon et al. [10] 
examined 847 deal-of-the-day offers across 44 U.S. 
cities, where 90% of the offers had a time restriction 
(between 1 and 3 days) and 93% a limitation on the 
number of products a customer could buy. Byers et al. 
[11] examined Groupon customer behavior over 
several weeks, showing that demand for vouchers is 
relatively inelastic. In their study, they emphasized the 
importance of soft factors, such as the validity of deals 
and combination offers. 
Kruzka [3] stated that daily deal shoppers are 
motivated by utilitarian concerns, such as savings and 
discounts, rather than by hedonistic or impulsive 
causes. Furthermore, customers display different 
coupon redemption behaviors online than offline, with 
many more coupons being redeemed online [12]. 
Research on daily deal platforms follows various 
approaches: the economics of daily deals [11, 13], 
price comparisons [14], the effect of word of mouth on 
daily deal sites [13], the profitability of daily deal 
promotions for businesses [15, 16], impulse buying in 
the context of daily deals [3], and the maximization of 
the consumer welfare function [17]. To our knowledge, 
no research exists on customer segments within daily 
deal platforms. In addition, numerous authors have 
noted that more research is needed [10, 18-24], as the 
topic constitutes a specific form of purchasing with 
special characteristics.  
 
2.2. Online segmentation 
 
Online shopping scenarios and settings differ from 
offline ones, leading to distinct online and offline 
customer segments [25] with contextual factors 
influencing customers [8]. Classification systems can 
be used for segmentation, and the number of customer 
segments found online ranges from three [27] to six 
[1]. Doty and Glick [26] identified three main systems: 
classification (attribute-based), taxonomy (hierarchical, 
nested decision rules), and typology (a conceptually 
derived set of types), while Swinyard and Smith [25] 
conducted an integrated study comparing online and 
offline segments and identified four offline and four 
online segments of U.S. customers.  
Online shopping customer segmentation research 
covers countries such as Singapore [28] and the United 
Kingdom [29], and in a cross-country study additional 
countries, such as Australia, Canada, China, South 
Korea, and Japan [21] have been analyzed. 
Furthermore, past research may be classified and 
distinguished according to product types and goods 
analyzed. In Switzerland, online customers shopped 
most often for flights (44.7%), followed by holidays or 
hotel accommodation (19.1%), books (16.3%), and 
computers and accessories (15.9%) [30].  
Based on these findings and the aspects mentioned 
above, to the knowledge of the authors, there is no 
common agreement or understanding regarding online 
segments, nor is there agreement on the number of 
segments, or common ground regarding regional 
influences. Nevertheless, both current and past 
research concluded that regional differences in 
segmentation exist [21, 31]. Segmenting customers 
online in the buying setting of daily deal platforms in 
Switzerland should therefore be no exception to this 
pattern. Daily deal platforms in particular are under-
researched. Authors of preliminary research on deal-of-
the-day scenarios call for further research [13, 18], as 
“a greater understanding of the DOD effect is 
necessary” [10] and to obtain further insights regarding 
hedonistic and utilitarian shopping motives [32].  
Furthermore, past methodological approaches 
include qualitative (e.g., Hill et al. [27]), quantitative 
(e.g., Swinyard and Smith [25], Kau et al. [28], Lim et 
al. [33]), and combined (mixed method) approaches 
(e.g., Chen and Chang [19], Christodoulides et al. 
[21]), most with sample sizes ranging from 306 [19] to 
1,738 [25]. Two notable exceptions are Kau et al. [28], 
with a sample size of 3,700 [28], and Zuccaro and 
Savard [34], with a sample size of 39,191. Thus, we 
intended to contribute to current literature by 
conducting further research, which we present in this 
paper, with a focus on the daily deal online shopping 
scenario and its customer segments, and by conducting 
an analysis with a relatively large sample size of 
11,094 data sets.  
 
3. Theoretical context  
 
We do not develop our hypothesis explicitly in this 
section, as we followed an explorative, consumer-
driven approach to customer-revealed segmentation. 
According to Allred et al. [1], this approach identifies 
naturally occurring target customer groups, giving 
companies a strategic advantage over their 
competition. 
 
3.1. Segmenting customers  
 
Both marketing and online-commerce researchers 
have studied offline and online customers; in addition, 
past research on customer segmentation employed 
demographic, psychographic, geographic, family 
lifecycle, lifestyle, product-specific criteria, and 
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benefit- and behavior-based segmentation approaches, 
depending on product type, target group, and buying 
situation. Essentially, there are two established 
approaches to segmenting customers: an a priori (ex-
ante) and an analysis-based (ex-post) one [1, 31, 35], 
with the latter based on actual customer buying 
behavior rather than customer characteristics. A further 
approach divides customers into two distinct groups by 
classifying them as people who shop online and those 
who do not (e.g., Swinyard and Smith [25] and Kau et 
al. [28]). This approach found higher rates of coupon 
redemption for online shopping than for offline [12].  
Past and current research on segmentation do not 
agree on a general number of segments, which ranges 
from three [27] to six [1, 21, 28] distinct customer 
segments. Surveying Internet users regarding online 
shopping [21, 36], focusing on a specific product type 
[31, 37, 38], or focusing on a specific region or country 
[27, 39, 40] may explain the different numbers of 
segments found. Online and offline context may 
further explain why researchers found different 
numbers of segments, as these two purchasing 
environments are substantially different (see Passyn et 
al. [41] for an overview of customer-perceived 
problems and benefits of the two scenarios).  
Furthermore, the daily deal shopping setting is a 
specific one in terms of contextual factors influencing 
buying decisions [8], and time and quantity restrictions 
further add to the specificity of the setting [10]. These 
aspects render this buying setting an interesting one 
worthy of further investigation.  
 
4. Methods 
 
Researchers have discussed customer 
segmentation for offline and online commerce. 
Nevertheless, to our knowledge, no customer 
segmentation is available for the specific format of 
daily deal platforms, which constitute a form of social 
buying. Our study followed an explorative approach, 
although it closely aligned our items with previous 
research in online customer segmentation and shed 
light on segmentation in Switzerland. Items were 
concentrated in higher order constructs by factor 
analysis. Clusters are revealed by customers, as 
suggested by Allred [1], when employing cluster 
analysis. 
 
4.1. Sample 
 
The data in this study represent a survey of a 
sample of 11,848 daily deal shoppers located in 
Switzerland. Participants were recruited via e-mail 
using the database of a daily deal–shopping club 
offering both products and vouchers. The dropout rate 
was relatively low, with 526 participants not 
completing the entire questionnaire and being deleted 
from the data set. The sample represents male (37.4%) 
and female (62.6%) respondents with an average age of 
41. The ratio of women to men corresponds to the 
findings of a U.S. study that indicated women (57%) 
shop online more than men (52%) do, whereas in 
mobile commerce men (22%) outpace women (18%) 
[42]. The average household income, which we 
prompted via income bands, was 88,000 USD, 
although 42% of respondents opted not to disclose 
information about household income. The majority of 
respondents (43.7%) lived in households of more than 
two people, 37.3% lived in two-person households, and 
only 17.3% were single. Of the total, 32.9% had 
children below the age of 12 living in the same 
household, and 26.8% of the respondents held 
university degrees. In addition, 53.9% were employed 
full time, 26.7% were employed part time, and 4.6% 
were homemakers.  
The structured questionnaire covered Internet 
usage patterns, online purchasing behavior, online 
shopping motivations, online payment preferences, and 
psychographic traits. Effects were measured using 
statements rated via 7-point Likert scales, with the 
endpoints “do not agree at all (= 1) and “fully agree 
(= 7). The questionnaire was pretested with experts and 
adapted according to their feedback. The quantitative 
questionnaire was distributed via the e-mail newsletter 
of a Swiss daily deal platform. 
 
4.2. Measures 
 
Tauber [43] identified two aspects of shopping 
motivations: the need for a product (utility) and other 
motives such as passing the time. Hirschman and 
Holbrook [44] further extended the latter motives, and 
identifying these motives lay the groundwork for 
research on more emotional (hedonic) shopping 
motives. Moreover, according to Wilson [45], utility 
segmentation is the most frequently used and most 
adequate method to determine market segments. 
Similarly, Babin et al. [22] defined two basic values, 
hedonistic and utilitarian, that underlie a purchase. 
They provided empirical evidence of the concepts put 
forward by Tauber [43] and Hirschman and Holbrook 
[44]. While utilitarian values such as convenience [1, 
19, 38, 46-48] and price [28, 49] have a rational 
dimension, hedonistic values such as enjoyment and 
entertainment [28, 38, 44, 47, 50] are of a more 
affective nature. Nevertheless, these values can be 
applied to online shopping experiences that provide the 
hedonic values of enjoyment and fun via users’ 
interactions with the online store.  
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Christodoulides et al. [21] highlighted the 
importance of this affective state and identified it as a 
research gap. Morganosky and Cude [51] identified 
convenience or time as an important factor, and we 
therefore added mobility as a construct, as people 
commuting and accessing online stores on the go may 
do this to save time. Chen and Chang [19] mentioned 
privacy concerns and considered them important, thus 
we added them as a construct, too. Given the 
importance of hedonic aspects of online shopping, we 
added the constructs of social exchange [38, 47, 49] 
and amusement [22]. Drawing on the literature review, 
we operationalized the variables for measuring 
utilitarian and hedonistic values.  
 
5. Data analysis 
 
This section contains a description of the statistical 
tests conducted on the data sample. To elicit the 
different daily deal shopper typologies, we performed a 
cluster analysis. Prior to cluster analysis, the data was 
reduced and aggregated via an explorative factor 
analysis with the objective of bringing to light the 
interrelation between the single variables.  
 
5.1. Descriptive statistics 
 
Our data show that the majority of participants 
were Internet-savvy: 70.5% had been using the Internet 
for 10 years or more, and 14.5% reported having used 
the Internet for practically their entire lives. Nearly 
60% spent one to four hours on the Internet per day, 
and 99% reported having previously made online 
purchases. Non-shoppers were deleted from the data 
set to avoid hypothetical answers, which reduced the 
data set to 11,680 participants. The products purchased 
most frequently were travel tickets and accommodation 
(75.1%), clothing (69.5%), books (60.3%), and 
vouchers (60%). Compared with the BFS [30] data, 
daily deal shoppers are more likely to buy clothing and 
vouchers. In addition, 41.7% have spent more than 
1,000 USD and 49.8% between 100 USD and 1,000 
USD online in the past year. Window-shopping also is 
common, with 61.1% stating that they often visited 
shops without intending to buy something. The 77% 
agreement with the statement “I enjoy online window-
shopping without the need to buy something” supports 
this statement. Moreover, 55.4% agreed that they enjoy 
bargaining, and 82.2% stated that they shopped online 
to save money.  
Convenience is another important factor, with 
unrestricted opening hours showing the highest 
agreement with a mean value of 5.7, followed by home 
delivery with 5.3. This aligns with the utilitarian aspect 
of online shopping. Social exchange with friends or 
experts and communities shows low agreement, with 
mean values of 2.24 and 2.51, respectively. This is 
surprising, as the literature suggests that online 
conversations and social influence affect online buying 
decisions [52]. Privacy concerns creating barriers to 
online shopping show high mean values regarding the 
perceived uncertainty of m-commerce (M = 4.72) and 
credit card payments (M = 4.63). 
 
5.2. Factor analysis 
 
Based on the literature review, we employed 28 
items to describe the shopping motivation of daily deal 
shoppers. We computed a Kaiser-Meyer-Olkin (KMO) 
measure of sampling adequacy to explore whether 
factor analysis was suitable. This yielded a KMO value 
of 0.84 for the 28 items, which is considered adequate 
[53]. Subsequently, we conducted explorative factor 
analysis using the principal component analysis 
method with Varimax rotation and Kaiser 
normalization. According to Hair et al. [54], variables 
with factor loadings above 0.5 are very significant. 
After the deletion of seven variables due to low factor 
loadings, the final factor analysis included 21 variables 
that load on six factors. The factors explain 62.9% of 
the variance.  
We identified six constructs that define the 
shopping motives of daily deal customers: 
convenience, bargaining, mobility, social exchange, 
privacy concerns, and amusement. “Convenience” 
comprises the possibility of shopping from home, 
unrestricted hours for home delivery, and the 
elimination of waiting time. “Bargaining” involves 
saving money, taking part in online auctions, product-
specific information, and greater choice. The 
immediate availability of mobile coupons and location-
based offerings are included under the term “mobility.” 
“Social exchanges” concerns exchanges with friends 
and experts or communities, and “privacy concerns,” 
specifically regarding credit card information and 
personal data, create a barrier to online shopping. 
Finally, “amusement” concerns the fun of experiencing 
new products and trends, and spending leisure time.  
 
5.3. Construct validity 
 
For measuring the reliability of the instrument, we 
used Cronbach’s alpha coefficient. Table 1 provides 
the computed values for the constructs. Eckstein [55] 
proposes that an alpha of 0.6 or higher is acceptable; 
therefore, we concluded that the constructs are reliable.  
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Table 1. Reliability coefficients 
 
Measure Alpha 
Total items (21) 
Convenience 
0.815 
0.815 
Bargaining 
Mobility 
Social exchange 
0.665 
0.729 
0.819 
Privacy concerns 
Amusement 
0.714 
0.722 
 
5.4. Cluster analysis 
 
To classify participants according to their 
shopping motives, we employed cluster analysis. First, 
we excluded participants who indicated extreme values 
from the sample to ensure the correct determination of 
the number of clusters. We identified 60 outliers, 
leaving us with 11,094 participants remaining relevant 
for cluster formation. In the next step, we used the 
Ward method [56] to elicit the number of possible 
daily deal shopper profiles and the participants 
belonging to each cluster. We standardized factor 
scores using the Anderson-Rubin method and arrived 
at a six-cluster partitioning that ensured the highest 
increase of the heterogeneity coefficient [55, p. 334]. 
Table 2 shows the cluster centers of the initial solution. 
To optimize the cluster solution and assign participants 
to a shopping profile, we employed the k-means 
method [57]. Punj and Stewart [58] stated that the k-
means method leads to a more exact cluster assignment 
when the Ward start partition is used.  
Table 3 presents the final cluster centers and hence 
the mean values of each factor within the cluster. High 
values mark agreement with the factor, while negative 
values represent rejection. After identification of the 
final cluster solution, we denominated groups 
according to the major characteristic value of the 
segment and the interplay of the components. To 
determine the variance of variables within and across 
different clusters, we conducted a one-way ANOVA 
[59]. Variables differ significantly between clusters, as 
F-value ratios are high between and within clusters and 
all p-values are < 0.001. All variables differ across the 
clusters, with “bargaining” showing the smallest 
variation and “social exchange” the highest.  
 
6. Findings 
 
The final cluster solution consists of six clusters 
describing the shopping motivation of daily deal 
shoppers. The first cluster, recreational shoppers, 
contains those who showed high values for the fun side 
of shopping (n = 1,964). The second cluster (mobile 
shoppers, n = 1,782) includes those who were 
especially interested in mobile commerce options such 
as mobile coupons and location-based services. 
Members of the third cluster, traditionalists, showed 
overall low values for all six factors and spent the 
lowest amount shopping online (n = 1,624); these 
participants were more often offline than online 
shoppers. Although we expected the cluster to be 
larger, as the core of daily deal platforms offer the best 
prices on a daily basis, bargain hunters, who focus on 
finding the best prices and special deals, comprised the 
second-smallest segment of the daily deal shoppers 
(n = 1,572). Socializers, who are interested in a 
communicative exchange with friends, experts, and 
communities while shopping, constituted the biggest 
cluster (n = 2,572) Finally, the smallest cluster 
(n = 1,570) emphasize the convenience of online 
shopping, and enjoy unrestricted opening hours and the 
possibility of escaping crowded shopping malls. Table 
4 depicts the demographic characteristics of the 
segments. 
 
6.1. Recreational shoppers 
 
Recreational shoppers showed the highest values 
for the factor of amusement, representing hedonistic 
shopping motives. They enjoy online window-
shopping (M = 5.69) and spending leisure time in 
online stores. This segment is interested in new product 
information and trends (M = 5.43), appreciating the 
larger product variety found in online stores 
(M = 5.05). Privacy concerns are an issue for this 
group, with the second-highest value for the factor 
across all clusters. Recreational shoppers have the 
highest female ratio (74.5%) and are the second-
youngest cluster, with an average age of 39. 
 
6.2. Mobile shoppers 
 
Mobile shoppers are especially interested in mobile 
coupons (M = 5.12) and location-based offers 
(M = 4.5). In contrast to the other clusters, mobile 
shoppers are unconcerned with mobile payments 
(M = 4.75). Bargaining plays an important role for this 
cluster, and 57.6% of it spent more than 1,000 USD 
online in the previous year. This segment is 
characterized by the highest ratio of male participants 
(44.7%), the lowest average age (38), and the highest 
rate of full-time employment (63.1%). 
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Table 2. Initial cluster solution 
 
Cluster 
1 2 3 4 5 6 
Convenience .45359 .13626 -1.50453 .11699 .19394 .39645 
Bargaining -.30526 .14860 -.42582 .36488 .07077 .17434 
Mobility .35259 .57225 .01553 -1.53829 .22934 .05564 
Amusement .55008 .26414 -.14509 .32365 .21610 -1.51943 
Social exchange -.66343 -.54982 -.10807 -.23824 1.28437 -.29555 
Privacy concerns .83226 -1.20383 .17803 -.12145 .05797 .16245 
 
Table 3. Final cluster solution 
 
Cluster 
1 2 3 4 5 6 
Convenience 0.10999  -0.50468  -1.03436  0.06804  0.17455  0.81120  
Bargaining -0.01015  0.18279  -0.69588  0.34236  0.12035  -0.25330  
Mobility 0.58398  0.40480  -0.21830  -1.52733  0.22056  0.00072  
Amusement 0.50635  0.19096  -0.67038  0.30644  0.17911  -0.82935  
Social exchange -0.59837  -0.43605  -0.23948  -0.20539  1.06307  -0.51810  
Privacy concerns 0.67909  -0.81638  0.50311  -0.00537  0.09012  -0.13699  
 
Table 4. Cluster profiles based on demographics 
  
Recrea-
tional 
Shopper 
Mobile 
Shopper 
Tradition-
alist 
Bargain 
Hunter 
Socializ-
er 
Conve-
nience 
Seeker Total 
    
n = 1,974 
(17.8%) 
n = 1,782 
(16.1%) 
n = 1,624 
(14.6%) 
n = 1,572 
(14.2%) 
n = 2,572 
(21.8%) 
n = 1,570 
(13.3%) 11,094 
Gender Female 74.5% 55.3% 67.2% 64.1% 57.1% 58.3% 62.6% 
 Male 25.5% 44.7% 32.8% 35.9% 42.9% 41.7% 37.4% 
Ø Age  39 38 41 46 41 41 41 
Age 
Group 
Up to 19 
2.2% 1.8% 2.7% .8% 1.7% 1.0% 1.7% 
 20–30 25.9% 28.3% 25.1% 12.9% 22.0% 21.6% 22.8% 
 31–40 27.6% 32.8% 21.8% 19.2% 24.7% 28.3% 25.8% 
 
41–50 27.1% 23.1% 24.7% 30.9% 26.6% 27.4% 26.6% 
 
51–60 13.2% 9.8% 16.8% 22.8% 17.1% 14.7% 15.6% 
 
61+ 3.9% 4.2% 8.9% 13.3% 7.9% 7.1% 7.4% 
Family 
Status 
Single 24.8% 21.7% 23.8% 23.1% 25.4% 25.2% 24.1% 
Married/ 
Partnership 75.2% 78.3% 76.2% 76.9% 74.6% 74.8% 75.9% 
Children 
in HH 
0–2 y 
30.3% 33.5% 21.6% 16.9% 24.4% 23.9% 29.9% 
 3–6 y 35.7% 34.4% 34.8% 34.2% 37.7% 35.0% 35.6% 
 7–12 y 34.6% 30.4% 37.1% 37.8% 38.5% 35.9% 35.8% 
Online 
Spending 
<100 USD 
1.6% .3% 3.7% 1.3% 1.7% 1.4% 1.7% 
 
100–1,000 
USD 53.3% 39.3% 58.4% 50.5% 51.9% 44.1% 49.8% 
 
>1,000 
USD 
37.4% 57.6% 28.8% 41.3% 40.4% 46.0% 41.8% 
  not stated 7.7% 2.8% 9.1% 6.8% 6.0% 8.5% 6.7% 
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6.3. Traditionalists 
 
Traditionalists showed low overall values for 
online shopping motives, spending the least amount of 
time online of all clusters (M = 1.93). In addition, this 
segment spends the lowest amounts shopping online, 
with 58.4% of participants having spent between 100 
and 1,000 USD and 3.7% less than 100 USD in the 
past year. Traditionalists, like recreational shoppers, 
are concerned with privacy issues.  
 
6.4. Bargain hunters 
 
This segment is defined by high values for bargain 
hunting, and members are motivated by finding the 
best deals (M = 4.49) and saving money (M = 5.59). 
Nevertheless, bargain hunters are not driven only by 
utilitarian motives but also enjoy online shopping, as 
reflected in the second-highest values for the factor of 
amusement. Bargain hunters was the oldest segment, 
with an average age of 46, and members had the lowest 
ratio of children aged 0–2 years. 
 
6.5. Socializers 
 
With 2,572 participants (21.8%), socializers 
constituted the largest segment in our data set and the 
only segment showing positive values for social 
exchange. Socializers enjoy virtual communication 
with friends while shopping (M = 4.04), and contacting 
experts and engaging in communities (M = 4.23). 
Participants in this segment agreed that 
recommendations simplify their shopping decisions 
(M = 4.78). Socializers showed positive values for all 
factors, displaying a mix of utilitarian and hedonistic 
shopping motives. Socializers spent the most time 
online per day of all clusters (M = 2.21).  
 
6.6. Convenience seekers 
 
At 13.3%, convenience seekers formed the 
smallest cluster. This segment enjoys aspects of online 
shopping such as home delivery (M = 5.54), 
unrestricted opening hours (M = 5.9), and reduced 
waiting times (M = 4.88). They are driven by utilitarian 
motives. Convenience seekers had above average rates 
of full-time employment (57.8%) and degree-level 
education (35%).  
 
7. Limitations 
 
This study is based on single case data; therefore, 
further research is needed to verify the generalizability 
of the results of this research. Furthermore, a 
longitudinal study regarding clusters, as mentioned and 
proposed by Christodoulides et al. [21], would 
contribute further to existing literature and could 
possibly identify interesting changes in shopping 
motives and customer needs over time. In addition, the 
social propagation of offers can play an important role 
not only in changes in clusters over time but also in the 
time of day offers are issued [9, 13]. Further research 
regarding this idea and any differences between the 
clusters found in our research could be analyzed.  
A further limitation of this research is the high 
price levels in Switzerland, and Swiss citizens’ high 
income and purchasing power [60]. This could 
potentially bias the utilitarian and hedonistic buying 
motives, as Swiss customers’ price sensitivity may be 
different from those of customers elsewhere. Lastly, 
Switzerland is a rather small country, potentially 
biasing the convenience aspects of online shopping 
when compared to larger countries, and as Amazon 
ships only certain products to the Swiss market, 
shopping behavior may be biased regarding shopping 
on daily deal platforms. 
 
8. Implications and conclusion 
 
Our study has research implications for the 
segmentation of the special e-commerce form of daily 
deal platforms. In contrast to Kruzka [3], we found that 
daily deal shoppers are motivated by both hedonistic 
and utilitarian motives, with four clusters showing an 
emphasis on hedonistic values. Research results 
suggest that for the recreational cluster, amusement is 
important but privacy concerns are prevalent, too. 
Therefore, actions targeted at augmenting amusement 
perceptions must not compromise privacy. 
Furthermore, this segment is female, and so actions 
should preliminarily target this gender.  
The mobile shopper cluster is, from a monetary 
viewpoint, a relevant group, with 57.6% of customers 
spending above 1,000 USD a year. As they are highly 
interested in bargains and location-based offers, 
customizing offers presented to them based on their 
location and providing a mobile (responsive) website 
are advisable. Furthermore, the traditionalist cluster 
shows low spending amounts and is especially 
concerned with privacy. As this cluster spends the least 
time online, the website’s navigation, guidance, and 
reassurance measures (e.g., trust seals, explicitly 
highlighting privacy policies) are of particular 
importance.  
Bargain hunters constitute a cluster especially 
motivated to save money, but in a way that allows 
them to experience amusement in the process. Actions 
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such as highlighting savings and combining shopping 
with a gamification approach are worth investigating 
for this cluster. Moreover, the largest cluster is the 
socializers, and these shoppers enjoy virtual, social 
communication. Website elements supporting and 
enhancing this form of communication are 
recommended. Social login functionality, sharing of 
daily deal offers via social media, and participation in 
communities such as customer clubs or loyalty 
programs are possible options to meet the needs of this 
cluster (a model for analyzing social influence on 
purchasing decisions within this cluster is provided by 
[52]).  
Convenience seekers constitute the smallest 
cluster. They are highly driven by utilitarian motives 
and characterized by the lowest values of amusement; 
thus, a hassle-free, fast service approach is 
recommended, focusing on ease of use. In addition, it 
could be worthwhile to implement functionality that 
helps these customers save time shopping online, such 
as smart filtering functionalities, personalized offers, e-
mail alert functions, easy checkout shopping 
functionality, and same-day delivery or pickup, as most 
shoppers in this group work full time.  
Tangible benefits can be expected from adapting 
the functionality and design of the website according to 
the needs of each cluster. This will enhance customers’ 
online shopping experience and lead to loyalty and 
positive word-of-mouth behavior [61], which in turn 
can both be especially valuable for the socializer 
cluster and contribute to the success of the platform or 
website as a whole. The identified clusters and their 
characteristics can provide guidance in implementing 
website functionality, features, and design.  
From a managerial point of view, a solid 
segmenting, targeting, and positioning approach is 
advised, as the six identified clusters differ 
substantially, especially regarding amusement and 
convenience needs and privacy concerns. Therefore, 
providing each segment with different versions of the 
website is advisable, as this is technically possible 
(e.g., dynamic website adaption, so-called morphing 
websites [62]) and would meet the needs of the 
segments more precisely and thus provide higher levels 
of perceived value for each cluster. The identified 
clusters further provide guidance for managerial 
decisions such as prioritizing marketing measures and 
allocating marketing budgets to these measures with 
respect to the clusters found in this research.  
Although not discussed in this paper, the influence 
of context (e.g., time and quantity restraints) and 
minute design details such as the color of the price 
with respect to gender (see Puccinelli et al. [63]) and 
its effect on customers’ shopping experiences are 
important and should therefore be considered with 
great care by daily deal platform providers.  
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